Abstract
Introduction
Private households do not consume heat energy as an end in itself; rather, they pursue the maximization of wellbeing (or in microeconomics jargon: the maximization of utility). Human wellbeing is determined by multiple influences. The resulting complexity derives from the fact that almost every part of one's life influences wellbeing. Furthermore, individuals have different needs and preferences concerning wellbeing, i.e. there is heterogeneity.
Our approach assesses utility using the household production theory (Becker 1965) . Most important from a conservationist's perspective is the dependency of utility on energy consumption.
The reduction in energy consumption can be part of utility maximization, but is only one of several other objectives. A reduction in energy consumption reduces the costs of energy, as the supply of energy commodities is commonly paid per unit consumed. This relation embedded in the utility function is explicitly (e.g. as the price elasticity of demand) as well as implicitly (e.g. as an energy efficiency elasticity) theorized and tested in the energy economics literature on heat energy consumption (HEC) (Borenstein 2015; Chan & Gillingham 2015) . The use of the household production approach enables to integrate further influences on HEC, e.g., from the engineering sciences, into the theoretical HEC model. A holistic approach is necessary because the deviation of HEC from prior calculated energy performance ratings reported in the literature for most energy efficiency measures (Heesen & Madlener 2016 ) is problematic from an energy, environmental and economic perspective and thus calls for policy action. For instance, for households it might be important economically to know the true cost-saving potentials of energy efficiency measures. In contrast, policy-makers need to know the cause-effect relationships, for example when implementing incentives to raise energy efficiency. Society as a whole suffers from the adverse ecological consequences of global warming driven by excess fossil energy consumption, with HEC in private households contributing a major share of greenhouse gas emissions also in Germany.
In the energy economics literature, the deviations from ex ante anticipated energy savings potentials to ex post realized energy consumptions, are analyzed according to the price elasticity of demand, which adopts an increased demand for energy services because of a lower price per unit of service (Berkhout et al. 2000) . This paper shows theoretically as well as empirically that the price elasticity of demand relationship to energy consumption does hold true, but in order to assess its full predictive power the price elasticity of demand needs to be incorporated into an 3 interdisciplinary framework. As the theoretical HEC model follows an interdisciplinary approach, it interprets the price elasticity of energy demand as one influence among competing others and thus prevents possible biases caused by the omission of utility-relevant components. The theoretical HEC model proposed explains interdependencies that result in HEC that are explained based on economic, engineering as well as psychological principles and reasoning. This is necessary because e.g. the physiological influences from comfort taking may overshadow the economic price influence. Based on panel estimation of monitoring data from a field experiment in South-West Germany the price elasticity of demand is shown to have no significant influence on the daily to monthly HEC and thus the habits or routines of the occupants. Yet the estimation shows a significant influence of the price elasticity of demand on a yearly (and thus likely more considered) economic decision-making process concerning HEC. Furthermore, we find that thermal comfort conditions influence HEC up to 500% more than the price elasticity of demand.
Through the interdisciplinary integration the results gained are more meaningful and robust than otherwise. A further benefit of the proposed theoretical HEC model is that the field experiment becomes comparable to others. This is because the model provides a full range of possible economic, efficiency as well as psychological responses to the change of one of the variables.
Based on the theoretical model as well as empirical evidence, future research can identify similarities as well as differences. In particular, different empirical research can be compared based on the theoretical underpinning of this paper. Thus, the theoretical HEC model proposed enables future meta-analysis on the benchmarking of different empirical HEC studies. This in turn enables a more holistic assessment of future energy saving potentials from HEC reductions in residential buildings. This paper proceeds as follows. In section 2, a literature review identifies the developments to date of the academic discussion on the economics of HEC. In section 3, the theoretical HEC model incorporating the interdisciplinary rationale is introduced. Section 4 transforms the theoretical HEC model from section 3 to a mathematical derivation of a utility-maximizing household using household-produced commodities. Section 5 describes the field experiment data. The results of an empirical panel regression analysis of the price elasticity of HEC are presented in section 6. Section 7 discusses, compares, and contrasts the results obtained from the theoretical and empirical parts of our study. Section 8 concludes. 
Literature Review
The study presented in this paper builds on the household production theory (Becker, 1965; Lancaster, 1966; Muth, 1966) . The household production model emphasizes that market goods and services are not themselves carrying utility, but are inputs to a process that yields householdproduced commodities, which, in turn, yield utility. The household production theory stresses that certain goods do not affect a household's utility directly, but rather through intermediate goods which are produced by the household using market-based goods and services and time as inputs.
In his theoretical discourse, Muth (1966) points out that energy is one input for providing different household services, an observation which is reflected in the HEC demand function presented in section 3.
The demand for energy is dependent on the amount of energy services a household wants to consume in the form of heating, hot water, lighting etc. The energy services, resulting from a conversion process of energy to e.g. a comfortable room temperature, yield the corresponding utility. According to Madlener (1996) , Archibald and Gillingham (1980) were the first to apply household production theory in energy economics research, investigating household gasoline consumption. Focusing on energy consumption with respect to personal automotive transport, they estimate rather large price elasticities of demand (43 %) for gasoline consumption. Willett and Nagshahpour (1987) (theoretical paper) also refer to the theory of the household production when modelling the optimal time path for energy purchases and investments. They show that the marginal rate of substitution of two utility-yielding goods (one consuming energy and the other one not) serves as an explanation of the level of consumption. The impact of the marginal rate of substitution of energy-consuming and non-energy-consuming goods is further discussed in the theoretical HEC model presented in section 3. Flaig (1990) applies the household production theory in the context of a residential electricity partial least squares path-modeling estimation for Germany. He finds low price elasticities of demand in the short-(-0.15) as well as in the long-run (-0.25) . Interestingly, the substitute for electricity considered, fuel oil, is estimated to have a lower impact on the demand for energy (-0.07 to -0.11). In contrast, Filippini (1995) estimates large shortrun price elasticities of electricity demand (-0.60 to -0.79) and even larger long-run effects (-0.71 to -1.92) in reaction to time-of-use tariffs in Switzerland also based on household production theory. The study suggests that peak-and off-peak electricity are substitutes, justifying the applicability of time-of-use pricing schemes.
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With their application of a dynamic household production function to analyze the flexibility of electricity demand, Halvorsen and Larsen (2001) show that the long-run elasticities do not differ significantly from those for the short run. They credit this observation to energy as a good, which in their case does not show to have high substitutability. Their empirical estimate of the price elasticity is 44 %. Filippini and Pachauri (2004) estimate similar price elasticities of demand for electricity in India. From the literature review it becomes apparent that HEC was not in the direct focus of these earlier studies. Sardianou (2007) is an exemption to this, estimating space-heating determinants in relation to energy conservation patterns of Greek households. Sardianou estimates energy conservation based on building and socio-demographic variables applying household production theory. To our knowledge, the above-mentioned publications are all relevant applying household production theory in an energy economic framework, on which the theoretical model presented in section 3 builds upon. We identified a research gap on utility-driven HEC, as previous authors tend to either rely on simplified proxies (such as e.g. room temperature only, as used by Schwarz & Taylor 1995, amongst others) or perceived and thus subjective data (Galassi & Madlener 2017) to overcome the burden of the cumbersome measurement of indoor comfort influences on utility.
The lack of HEC research in relation to household production theory does not mean that there is little research available on HEC, quite the contrary is true. Summarizing all existing work on residential HEC is beyond the scope of this paper; the short review that follows is restricted to studies with comparable data sources and methodologies only. The closest study to ours is Haas and Biermayer (2000) . Their insights on HEC regarding different energy efficiency levels derived from an Austrian panel data set are derived from a comparable research setup. The change in the energy efficiency elasticity, resulting from an energy efficiency upgrade which indirectly leads to a price effect, has been investigated further since. This strand of literature partly substitutes the more common price elasticity of demand discussion in this research field. Noteworthy, Maxwell et al. (2011) give a useful overview of the relevant empirical literature. They report a direct efficiency elasticity for HEC of -0.01 to -0.60, with a direct efficiency elasticity only measuring the effect of a lowered price per unit of one good on the good itself. Our empirical analysis is restricted to direct energy efficiency elasticities, for which Borenstein (2015) and Chan and Gillingham (2015) recently offered theoretical advancements in the context of energy rebound. Parsing the demand 6 response in the microeconomic framework of income and substitution effects enables us to compare some of the empirical research results obtained in the literature with ours.
Noteworthy, there are several publications on the energy efficiency elasticity in relation to HEC for German private households. Rehdanz (2007) , Madlener and Hauertmann (2011) and Madlener (2015, 2017) on determinants of residential space heating expenditures deliver useful starting points, with rebound estimates ranging from -0.12 to -0.49 for Germany.
They show significant differences in effects for different owner structures of homes. Schmitz and Madlener (2015) provide a basis for our analysis of HEC in the German private household sector, as their analysis draws on a representative data set for Germany, the Socio-Economic Panel (SOEP) provided by DIW Berlin. Analyzing Germany's heterogeneity in HEC, the authors deliver valuable insights on the cause-effect relationships and determinants underlying the HEC of a representative sample of German households. Especially the building age, and thus individual buildings' energy efficiency levels, seems to be a strong determinant of HEC. This in turn fuels the discussion on whether consumers are effectively demanding the observed utility levels, or whether the buildings provide some sort of technological constraint that a household cannot overcome. Galvin (2015) methodologically takes a glimpse into the future, predicting an energy efficiency elasticity of HEC of 0.28 to 0.39 for the German residential building stock as a whole, in the context of the governmental goal of an 80 % reduction in HEC.
In the field of HEC, research has also been done in the engineering sciences as well as in psychology (Abrahamse & Steg 2009 ). Focusing on research in energy economics, our paper is one of the first applying household production theory to HEC and the underlying behavioral and utility-generating influences. Furthermore, the literature shows that energy services are of special interest in behavioral HEC research. We expand this research in our empirical analysis by not just analyzing proxies for energy services, but estimating jointly their direct effect as well as the price elasticity and the HEC based on monitoring data.
Theoretical Rationale
Building on Scott (1980) , we develop a new theoretical HEC model that allows to evaluate household energy consumption behavior based on utility maximization. Due to the reduced functional form, comparative statics yields all changes resulting from a change in one parameter.
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The model explains consumption behavior as a matter of economic and technical influences and behavioral choice. The focus lies on the separation of the production from the consumption process, which becomes visible in the quasi-Cartesian coordinate system, with different quadrants for the price, production and utility function (Figure 1 ).
More specifically, Figure 1 This limits marginal price effects' predictive relevance on energy consumption.
The production function describes the energy service level attainable due to energy as an input and the system's (technical) conversion characteristics. The function captures all physical influences on the process of turning energy from a commodity into energy services consumed within a household. Sorrell (2007) provides some valuable further insights on this rather technical process, visualized schematically in Figure 1 of that publication. The production function in the theoretical HEC model enables us to incorporate different restrictions and system configuration details, e.g. the system's efficiency as a result of a retrofit measure. An increase in the system's efficiency, e.g., leads to a shift in the production function, as indicated by the grey dashed line in the lower right quadrant of Figure 1 . The new production function will use less energy input to generate the same (or a higher) utility level as the old one.
According to the utility function a theoretical anticipation of potential behavioral reactions becomes possible. Considering an increase in the energy efficiency of the energy conversion stock through any energy efficiency measure, the consumer's adaptation to this change of the indoor living environment mainly depends on the level of utility attained a priori. If the choice prior to the increase is way off from the maximum utility attainable, the change will likely be translated into an increase of the utility demanded, because a small change in the amount of energy used results in a proportionally large increase in utility.
On the contrary, when the user is already close to the maximum utility level attainable, an efficiency increase does not necessarily lead to further increases in the utility gained by the same energy services. This is because realized income effects do not only allow to increase the same good's consumption but potentially also the consumption of any other good. The model thus explains which behavioral reactions concerning energy services are to be assumed, following changes in the economic as well as technical circumstances. The model explains cause and effect relationships based on economic and technical influences, as they would be found for economically rational decisions of an idealized household. This implies that the model relies on neoclassical 9 microeconomics assumptions and thus is bound to the known assumptions as well as shortcomings.
Nevertheless, most engineering calculations do not even account for such simplistic behavioral relations.
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The theoretical HEC model can further be expanded to account for a difference in the household's disposable income. The relevant function relates the total amount of the household's income spent on either energy services or all other goods. For our empirical analysis, the income function is of a lesser interest, as the research population is from the same income class.
2 Nevertheless, income is an important influence on HEC, cf. Cayla et al. (2011) and , among others. Hastings and Shapiro (2010) show that the marginal allocation of income is not the best empirical predictor of how households allocate their resources. They show that users tend to bundle expenditures, like e.g. heat energy costs, which are bundled with the housing as ancillary costs of housing, as demonstrated by the grey dashed line in Figure 2 .
The discrete price and income mechanisms described are valuable to keep in mind when drawing conclusions on the empirical results presented, especially as it is not always possible, or 1 For example, energy performance calculations of buildings do not incorporate a price reaction (Galvin & Sunnika Blank 2012) . 2 The population of the field experiment needs to provide income statements, certifying that they do not exceed a certain income, in order to be eligible to rent one of the apartments. Hastings and Shapiro (2013) Income function
Energy services
Other goods and services rational, to build subgroups or income clusters. In the following section, the theoretical rationale developed is applied to the field experiment in order to judge its empirical explanatory power of predicting HEC.
Utility from Heating Services
Following Davis (2008), we consider a utility-maximizing household in order to estimate the HEC. Pe, which must be subtracted from the total utility. The price of the energy service is defined by the relation of the per-unit price of the energy source used as input and the energy-efficiency of the conversion process, turning the energy source into the final product e.g. the energy service. The costs of an energy service decrease the total utility that can be achieved. 3 Thus, in order to reach the maximum utility, the costs paid for the energy services are reduced. The reduction of the costs paid for energy services is bound by two factors.
First, an investment decision in the energy conversion stock influences the efficiency at which energy services can be produced. Notice that this aspect is not in the focus of our paper, as in the empirical part we do not evaluate different investment decisions (for a useful paper on that issue see Kumbaroğlu and Madlener, 2012) . The reason for this is that the observed households are tenants who are, by assumption, not in a position to take any major investment decision (Davis 2011) . Second, once the energy conversion stock and thus the system's efficiency is fixed, the reduction in energy costs is bound to the energy services demanded. Cost minimization is thus a tradeoff between energy services demanded and the price paid for those services. In eq. (4.2), the maximum utility is not measurable directly, because the comfort parameters are not directly comparable to the monetary variable. Therefore, we rearrange eq. (4.2) such that the total cost for energy paid is conditional on the requested maximized thermal comfort and air quality by household i at time t, which yields Higher income households can afford to utilize more energy-intensive goods and thus may incur higher energy costs. It could also be that higher income households incur lower energy costs as they have a more energy-efficient capital stock. As the total income in our field experiment is homogenous, and since we can empirically assume that the share of income devoted to the purchase of energy is consistent over the sample population investigated, we can neglect this constraint.
Depending on the population and research question, this constraint may or may not have to be included.
The next step provides insights on the maximized parameters according to their specific energy expenditures. There are multiple optima for thermal comfort and air quality parameter
combinations, yet the energy consumed delivers a distinct optimum against which these two parameters can be measured. Furthermore, this rearrangement assures the possibility of estimating the impact of the maximized parameters on energy consumption. A further simplification in terms of the empirical estimation is possible, since by assumption all households pay the same price per unit of energy at time t, which is why , et P can be eliminated. The final problem for energy service i in time t is expressed as follows: Outdoor conditions are supposed to influence energy consumption, mediated by the efficiency of the building's insulation that is displayed in the first constraint, with OT being the outside temperature. Air quality conditions are mediated through outside conditions with respect to the building's efficiency as well as the ventilation/window opening behavior (WO) of the occupant/s, as stated in the second constraint. Equation (4.4) presents the production function referring to the theoretical HEC model. Before transferring the rationale behind eq. (4.4) to an empirical estimation, the data handling and the descriptive statistics deliver first insights into the influences of the mentioned variables on the HEC.
The Field Experiment Data
The monitoring data used to assess the price elasticity of HEC stems from a monitoring campaign as part of a field experiment conducted in South-West Germany. In total, all rooms of 60 apartments in two adjacent multi-family homes were monitored individually, collecting information on inter alia energy flows, air quality, and thermal comfort conditions. The apartments all share the same floor plan and thus the same size. Individual energy performance ratings are calculated for every apartment. 4 The data was gathered at fifteen-second to one-minute intervals, thus offering a high time resolution. Additionally, a weather station collected outside conditions at the same resolution. . 5 The monitoring concept and execution was handled by Prof. Wolfrum, University of Applied Sciences Karlsruhe, Germany; further data processing and maintenance was arranged by EBC.
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data usually contain more degrees of freedom and more sample variability than cross-sectional data (Hsiao 2007 ).
The first step in generating a balanced, ready-to-estimate data set is to identify missing or invalid data points and interpolate or exclude them. As the research focuses on HEC the months October to March are selected. This is because the heating system is supposed to be off during summer and thus the monitoring data would only create further noise in an HEC estimation. In a first step, the remaining data is aggregated to hourly means. This serves two purposes; first, the minute resolution matrix exceeds computational limitations; second, hourly means can be The mean indoor room temperature in our dataset deviates clearly from the 19 °C anticipated in DIN V 4108-6. Due to non-ideal placing of temperature sensors, the reported mean of 24.45 °C needs to be corrected downwards by about 2.5 K, but this would still be 15 % above the energy service level defined in the norm. 8 On the contrary, carbon dioxide, room humidity and volatile organic compounds do not show any major abnormalities. The HEC, as reported, is somewhat cryptic and hard to grasp. This is because the reported values are hourly mean HEC in the apartments. The mean of 0.28 kWh/h translates to ~ 16 kWh/m²a, which is a more common unit used to describe HEC. A value of 16 kWh/m²a is quite low, compared to the apartments' theoretical mean rating of 18.8 kWh/m²a, but this is partly due to the data cleanup. Furthermore, the HEC declined steadily over the investigated period. Further evaluations on this aspect can be found in .
6 The reference climate is defined in DIN V 18599-10. 7 The 30 % deviation is a rather unsophisticated calculation, based on the norm DIN V 4108-6 and a 20 m² room. It is meant for illustration purposes only. Furthermore, the deviations in the field experiment are somewhat biased towards higher relative ventilation rates and thus a higher deviation from the norm, as the rooms tend to be smaller than the anticipated 20 m² and the 100 m³ are approximated for a tilted window.
To identify the price elasticity of the households' energy demand we use the real price development for district heating during the years 2011 to 2015. The price time series is based on information from the municipal utility, handling the heat energy delivery and billing of the apartments of the field experiment. The district heating price deviates from the fuel price as it subsumes three different price components. 9 The reference year (with a 100 % price) for the price time series investigated is the year 1996. As indicated in section 3, households might already perceive the price of energy in combination with other costs for housing, which is why this bundled price movement can be justified. Figure 3 depicts the district heating price development during the investigation period. It becomes obvious that the price increased during the whole period, especially from 2011 to 2012, and from 2013 to 2014 increases were particularly significant. As the price time series does not vary for different households, we weigh the price by the individual households' energy performance rating. Through this, we ensure that the effective price elasticity estimated is related to the technological need for heat energy. Furthermore, this enables us to identify a time-and household-/panel-specific estimate of the price elasticity of demand.
As Brounen et al. (2012) show, socio-demographic variables can have significant impacts on the HEC. In our analysis, these parameters are derived from a questionnaire survey conducted in 2013. 10 As not all households of the field experiment participated in the questionnaire the number of panels shrinks to N = 30. The socio-demographic variables do not vary over time. In the 9 District heating prices are made of a yearly fixture, a maximum load-dependent charge and the price per consumed kWh stipulated in the respective contract type.
10 From the questionnaire, we know that the occupants moved in prior to the investigation period, and due to the lack of information we must assume that they did inhabit the same apartment until the end of our investigation period. 
The HEC Panel Data Estimation
Equation (5.1) presents the HEC panel data model to be estimated, with the log naturalis of as the dependent variable.
The explanatory variables are the price plus all dynamic (i.e. time-dependent) variables , as introduced in Table 1 . We choose a log-log configuration of the HEC, the energy price*efficiency rating, and the dynamic energy services variables in order to straightforwardly be able to investigate the pairwise elasticities. The constant term incorporates all time-constant effects of each household, thus incorporating the time-constant socio-demographics. The error term models the remaining variance in the data set.
Note that we do not just estimate one model specification, but in total five of them. The models vary neither in the estimates nor in the method. The only difference between them is the time aggregation of the data. This not only addresses time fixed effects in the time-varying data, but is conducive for the interpretation of the price elasticity of demand. We formulate the hypothesis that people do not perceive the price elasticity of demand as constant over the different time aggregation levels. Intuitively, this is because of the annual billing of the energy consumption. This leads to the conclusion that the yearly price elasticity of demand should show a statistically significant effect on the HEC in contrast to, for example, the daily one.
The HEC panel data model is estimated using R, an open-source programming environment.
R offers the plm-package devoted to panel data manipulation and estimation. 11 Prior to a final estimation, the data needs to be specified in order to select the right model type and check for possible barriers and inadequacies. At first, we specify the models to be estimated, therefore an F-11 http://www.r-project.org/, plm package (Croissant & Milo 2008) .
test proves whether an ordinary least squares (OLS) regression is more efficient for estimating the models than panel estimation. hence, fixed effects models will be estimated. After clarifying the estimation model, the data to be estimated needs to be checked for further inadequacies that might bias the estimation results. In order to deduce properties of an underlying distribution by analysis of data, the data should be stationary. If unit roots are present, the estimation will need to be differenced once or multiple times (depending on the degree of integratedness) to become stationary. Table 3 reports the results of the Dickey-Fuller test used to check for stochastic trends. The null hypotheses are that the series have unit roots (i. e. are nonstationary), which can be rejected based on the p-values. Cross-section dependency, as the correlation between panels (in our case households), is tested via the Breusch-Pagan LM test. The null hypothesis tests whether the residuals between the panels are correlated. In our data, cross-section dependency can be anticipated. This is because the households are all in close proximity to each other, having the same outdoor condition, floor plans etc. Additionally, some of the apartments share internal walls and thus e.g. enable heat transmission from one apartment to the other. Engineering evidence for that argument is offered by Osterhage et al. (2016) based on the same field experiment. Furthermore, households' daily life schedules might be similar, which may be a reason for similar data patterns. In the end, it does not come as a surprise that contemporaneous correlation is found in the data, based on the rejection of the null hypothesis of the ² test. Serial correlation is checked via a Breusch-Godfrey/Wooldridge test for serial correlation in panel models. If present, serial correlation can cause the standard errors of the estimation, and the results, to be less significant due to the serial correlation in the idiosyncratic errors (Drukker 2003) . The estimated standard errors are smaller than the true standard errors, thus the estimates seem to be more precise than they actually are. The null hypotheses of the ² tests are rejected, indicating positive serial correlation in the panel. Again, this result does not come as a surprise since the time series of the monitored variables are correlated in the short run. For instance, the room temperature from the last hour is a very good predictor of the current room temperature. The existence of heteroscedasticity is a concern, as it can invalidate statistical tests of significance that assume that the modeling errors are uncorrelated and uniform. In Table 4 it becomes apparent that all five models estimated do feature some problems of heteroscedasticity (the Breusch-Pagan tests rejects the null hypotheses of homoscedasticity). Cross-sectional dependence, serial correlation, and heteroscedasticity are of concern for our estimation. Therefore, we use a consistent covariance matrix estimator following Driscoll and Kraay in order to obtain robust standard errors (Hoechle 2007) . This extension of common nonparametric covariance matrix estimation techniques yields standard error estimates that are robust to very general forms of cross-sectional and temporal dependence and heteroscedasticity.
The use of this robust estimator becomes necessary, as our time dimension in the data is quite large, except for the yearly model. The estimation results presented in Table 6 are estimated based on the prior described method. Furthermore, the distributions of the residuals deliver a good evidence for univariate outliers. In Table 5 , it becomes obvious that the chosen model specification describes a good part of the dependent variable, HEC. Furthermore, one can observe that the distribution of the residuals is homogenous around the mean value of zero, indicating a normal distribution. Table 6 summarizes the estimation results. Except for the price elasticity of demand, all variables are significant at least at the 1 % level (except log(WO +1)). Moreover, the variables 20 room temperature, window opening, and outside temperature are all significant at the 1 % level.
The efficiency-weighted price elasticity of demand is significant at the 1 % level in the yearly estimation only. The F-statistics show that the estimations deliver valid descriptions of the models.
The Adjusted R² shows that the hourly estimation model captures a minimum of 17 % of the variance of the HEC, reaching a maximum of 43 % for the Adjusted R² of the monthly estimation model. 
Discussion of Results
Before interpreting the estimation results and, in addition to the statistical specification tests, it is recommendable to check the estimation results logically. Since the logic of the results between the models does not change, there is no need to go into the details of every model though. The most influential variables are room temperature and window opening or, depending on the estimation model, outside temperature. This does make sense, as the indoor temperature and air quality, according to the norms (DIN V 18599-10; DIN V 4108-6) as well as scientific literature Calì et al. 2016; Yu et al. 2011) , are supposed to have great impact on the HEC. Additionally, the sign of the mentioned variables make sense. One can assume that an increase in the room temperature increases the HEC as well. The same holds true for window opening, i.e. an increase in the window opening is likely to raise the HEC. In contrast, the outside air temperature has a negative effect on the HEC since the only observed time of the year is winter.
Usually, during winter time, outside conditions are typically colder than indoor temperatures.
Hence an increase in the outside temperature reduces the heat load and thus the HEC. The influence of irradiation is almost negligible and that of room humidity is not as intuitively interpretable as the above-mentioned variables. Still, nothing abnormal can be detected from a plausibility check of these two variables. The price elasticity of demand, which is in the focus of this paper, does show a reasonable relation, in that a one percent price increase leads to a 0.22 percent HEC decrease in the yearly model.
According to the research question, we investigate whether there is any difference in the price elasticity of demand depending on the investigated time aggregation level. In the literature, price elasticities of demand are analyzed according to the time resolution (usually, short-and long-term is differentiated) though normally not for heat energy but rather for electricity (Halvorsen & Larsen 2001; Filippini 1995) and gasoline (Brons et al. 2008; Dalhuisen et al. 2003) . The results show that time resolution also has an influence on the level of the price elasticity with regard to HEC. The estimates based on the yearly aggregated data in our panel estimation are significant at the 1 % level. All other variables are not significant. Furthermore, the yearly model yields the largest price elasticity, with a 23 % influence of the weighted price elasticity of demand on the HEC. Based on these insights we conclude that habits, regarding the daily operation of the heating system, do not 22 seem to be based on economic decisions. In a more conscious (but less frequent) consideration of the HEC status (e.g. reflecting on the energy efficiency of the heating system), economic influences affect HEC in the magnitude identified by the estimation results. Yearly billing cycles logically enhance this argument. Households are typically made aware of their heating costs only once a year through the annual billing. As the estimation results mimic billing cycles, the observation can be compared to the results from Allcott and Rogers (2014) , where significant effects based on behavioral interventions are found. In the end, our results indicate that during the daily operation, price signals do not influence HEC behavior.
This last finding is corroborated when putting the weighted price elasticity of demand in perspective with the influences of the other variables. Room temperature has the largest influence on HEC. Unsurprisingly, an elasticity of around 100 % is found between these two variables. This means that each extra degree Celsius of indoor room temperature demanded will translate into a corresponding increase in HEC. The second-most influential variable is outside temperature, the elasticity ranging between a -0.60 and -0.22, depending on the aggregation level. Since all estimated models cover winter month data in the northern hemisphere only, a negative relation between outside temperature and HEC can be anticipated. Noteworthy, the window opening influences HEC with an elasticity in the range of a 0.42 to 0.04, depending on the model specification. Room humidity is as influential on the HEC as the yearly price elasticity of demand.
These four variables are significant and considerably more influential to HEC than the price elasticity of demand. This shows that comfort considerations have a much greater impact than price signals in general. Especially in the short term, habitually driven behavior is not influenced by economic signals.
Conclusion
This paper investigates the influences of technical, psychological and economic aspects on Furthermore, the underlying economic framework of household production suits the presented HEC research, as it adapts to the interdisciplinary research focus. Based on this theory, a separation between the consumption and the production process enables us to differentiate between technical and behavioral influences on the HEC. This paper shows that an integration of economic influences with engineering predictions enhances our understanding of how HEC is determined. Within the limitations of objective wellbeing, psychological cause-effect relationships further enhance the presented model. Future HEC predictions, based on the interdisciplinary rationale derived, help to yield more realistic scenario outcomes and thus provide a better guidance for decision-makers.
Especially because of the interdisciplinary approach adopted, we think that this paper delivers new and more encompassing insights to better understand HEC. The theoretical HEC model and the underlying household production theory are shown to be a versatile platform to develop and test further theoretical as well as empirical advancements. The data available enables us to demonstrate the usefulness of an econometric panel estimation not just for economic modeling, but also for engineering predictions. Our estimation delivers a broad overview on a detailed separation of influences constituting HEC. Further, we show that the household production theory does not 24 just integrate interdisciplinary research, but also combines different conceptual approaches. This is because HEC research also divides between habitual and rational decision-making. Although the theoretical background chosen in this paper resides on a rational actor, the estimation shows a potential link with approaches that are based on habits or practices, as they are reportedly influential to the HEC (Maréchal 2010; Gram-Hanssen 2011) . Finally, yet importantly, we show that the price elasticity of demand of occupants' HEC behavior is time-sensitive with regard to the time resolution of the data. This aspect contributes to the general understanding of associated economic decision-making.
Some caveats and further research ought to be addressed as well. First, we report on influences on the data that could not be visualized. In the beginning, we did not estimate any influence of income, as our sample population is homogenous in that respect. Nevertheless, low-income households might per se have higher price elasticities of demand, as any consumption decision affects their total budget more strongly than those of wealthier households (Madlener & Hauertmann 2011) . On the contrary, the households in the field experiment live in highly energyefficient homes; thus, they are not as dependent on energy as an input in order to reach their desired energy service level in comparison to households living in low energy efficiency homes.
Apart from this, the small sample size of the field experiment might affect representativeness.
Monitoring data of the quality investigated is hard to get, yet according to the research question asked a sufficient resolution of the data needs to be available. A tradeoff between sample size and resolution was often a matter of discussion during the design phase of the field experiment. The presented analysis benefitted from the data resolution available, not just in terms of the analysis done in this paper. The high-resolution monitoring data in connection with the occupants' insights enable a comparison of revealed behaviors versus perceptions. In the end, such a comparison enhances the robustness of the presented results, which, due to its focus, is not demonstrated in this paper.
Future research needs to investigate whether the time sensitivity of the price elasticity of demand is a general, commodity-independent trend, and whether this observation has further implications on the microeconomic theory used. Further research in this field might expand on the income dependency of the price elasticity of demand. Identifying income elasticity thresholds for energy services and their influence on HEC behavior could offer promising insights. Accordingly, price elasticities of demand thresholds can be analyzed with appropriate data. This would enable 25 insights with regard to the magnitude of the discrete price influence steps. Furthermore, the theoretical rationale could be used to integrate different results from the literature to harmonize and/or weigh them in a meta study. In general, the heterogeneity in HEC within one efficiency group has been analyzed rigorously in this article. However, there are still e.g. psychological factors affecting the utility function of households that need to be incorporated in the model, in order to ultimately gain a holistic view on HEC. A disaggregation of the household as an aggregate research unit into the individual occupants and their interconnections would also be promising in this respect.
